Soil properties play an important role in spatial variability of crop yield. however, a low spatial correlation has generally been observed between maps of crop yield and of soil properties. the objectives of the present investigation were to assess the spatial pattern variability of soil properties and of corn yield at the same sampling intensity, and evaluate its cause-and-effect relationships. 
intRoduCtion precision agriculture (pa) is based on the understanding that crop yield is affected by the spatial and temporal variability of yield-related factors of soil management. thus, knowledge of the spatial variability of soil properties is fundamental for the implementation of precision agriculture. Soil properties vary across the landscape due to differences in soil formation and related processes, as well as in land management and agricultural practices. however, variations in soil properties are spatially dependent.
Crop yield also shows spatial variability, and several factors can affect this variability, including soil properties. For instance, soil properties influence crop management efficiency and development. the spatial definition of soil and plant properties contributes to the planning of commercial crops and the location of scientific experiments (Reichert et al., 2008) . in practice, though, it has been observed that the spatial distribution pattern of crop yield is usually not well correlated with the spatial distribution pattern of soil property variability, in other words, the correlation between maps of soil properties based on pa techniques and maps of crop yield is low.
Rosa Filho et al. (2009) observed that only soil bulk density and penetration resistance in the 0-0.1 m layer was significantly correlated with soybean yield in a Rhodic hapludox under no-tillage. Kitamura et al. (2007) reported low correlation coefficients between the texture of a Rhodic hapludox under no-tillage and bean yield, where 7.3 % of bean yield was explained by the clay content in the surface soil layer. in a study of Silva & alexandre (2005) , a positive correlation was observed between corn yield and cation exchange capacity (CeC), and Ca 2+ and K + contents in soils developed from calcareous deposits. in addition, Montezano et al. (2006) observed positive linear correlation between corn yield and clay, organic matter and boron content, while corn yield was negatively correlated with sand, copper, manganese and zinc content in a Rhodic hapludox under no-tillage. in these two studies, all pearson correlation coefficients (r) were below 0.39. Bourennane et al. (2004) observed low spatial correlation between wheat yield and soil properties in a Xerifluventic haplocambids and udorthent. Similarly, Mallarino et al. (1999) observed low correlation between soil chemical properties and corn yield in five corn fields in the uSa.
one of the hypotheses to explain the low correlations between soil properties and crop yields, for experimental as well as commercial purposes, may be related to differences in the sampling intensity.
R. Bras. Ci. Solo, 36:599-609, 2012 Monitoring devices of crop yield allow data acquisition over short intervals (1-3 sec), by which 500-1300 data points can be collected per hectare, depending on the equipment. in these cases, each point represents the crop yield of an area of 8-25 m 2 . thus, it is possible to develop highly accurate maps showing spatial variability patterns of crop yield. however, to develop maps showing spatial variability patterns of soil properties, soil sampling is often much less intense, due to the high cost of data acquisition and analysis.
agricultural consultants in Brazil usually develop maps showing spatial variability patterns of soil properties based on soil sampling intensities from one sample per 20 to 25 ha up to one sample per 1 ha. in these cases, the accuracy of the spatial variability patterns in soil property maps is much lower than in crop yield maps, which may be the reason for the low correlation between crop yield and soil property maps reported in the literature. this disparity in sampling intensities can lead to misinterpretations of cause-and-effect relationships between the spatial variability patterns of crop yield and soil properties. the hypothesis of this study is that when the sampling intensity for soil property assessment is similar to that for crop yield evaluation, it is possible to observe strong correlations between the spatial distribution of crop yield and soil properties, which will enhance the understanding of causeeffect relationships of crop yield and soil properties. therefore, the objectives of this study were to assess the spatial pattern variability of soil properties and of corn yield at a similar sampling intensity, and evaluate their cause-effect relationships.
mateRial and methodS
the experiment was conducted in Jaboticabal, São paulo State, Brazil (21º 14' 05'' S, 48º 17' 09'' w, 613 m asl). Climatologically, the area belongs to the tropical/megathermal zone or Köppen aw (a tropical climate with dry winter and temperature average of the coldest month above 18 ºC). the mean annual rainfall is 1417 mm, peaking in the period of october-March and a relatively dry season in the period of april-September. the soil of the experimental area is a clayey Rhodic hapludox. the experimental area has been managed in a corn-fallow rotation under no-tillage for 10 years. Before corn seeding, weeds were eliminated with non-selective herbicides. when the plants had 4-6 pairs of totally developed leaves, 100 kg ha -1 n fertilizer was applied.
the experimental site was structured in a grid of 100 referenced points, spaced at 10 m intervals along four parallel 250 m long rows spaced 4.5 m apart. thus, the points formed a rectangle with four columns and 25 rows. each sampling cell encompassed an area of 45 m 2 and consisted of five 10 m long crop rows, in which the geo-referenced points were the center.
Corn was harvested 151 days after seeding with a mechanical plot harvester, which harvested corn from one row at a time. thus, corn yield was obtained per sampling cell (for the length of the five 10 m-long corn rows). the corn grain weight of each sampling cell was calculated for a standard 13 % moisture content, and corn yield was expressed in Mg ha -1 .
after harvest, soil samples of each cell were taken from the layers 0-0.1 m and 0.1-0.2 m using a dutch auger. Five soil sub-samples were collected per cell to obtain one representative composite sample per cell, where one sub-sample was obtained from the center (geo-referenced point) and the others 2 m away from the central point in the four cardinal directions. For each composite sample, particle size was determined by the standard pipette method (gee & dani, 2002) , ph, organic matter (oM), p, K + , Ca 2+ , Mg 2+ , and h + al content (page et al., 1982) were determined. afterwards, the sum of basis (SB), cation exchange capacity (CeC), and percentage of soil base saturation (V) were calculated. undisturbed soil cores (0.05 x 0.05 m) were taken from the 0-0.1 m and 0.1-0.2 m layers in each cell (central point) using a double-cylinder, hammerdriven core sampler (grossman & Reinsch, 2002) . Soil total porosity (tp), soil macroporosity (Ma), soil microporosity (Mi), soil bulk density (Bd), gravimetric soil water (gSw), and soil water storage (SwS) were determined from these samples (0-0.2 m layer) using the methods proposed by Flint & Flint (2002) . descriptive statistical analyses (mean, median, maximum, minimum, coefficient of variation (CV), coefficient of skewness, coefficient of kurtosis, and frequency distribution of data) were calculated. to test the hypothesis of normality, the Shapiro & wilk (1965) test was conducted.
according to the method of pimentel-gomez & garcia (2002), the variability of soil properties was classified according to the CV, where a CV value below 10 % was considered low, a value between 10 and 20 % was medium, a CV between 20 and 30 % was considered high and a value above 30 % very high. the pearson correlation coefficient was calculated to determine the relationship between corn yield and R. Bras. Ci. Solo, 36:599-609, 2012 soil properties. Stepwise regression analysis was used to model the effects of soil properties in both layers (0-0.1 and 0.1-0.2 m) and corn yield, at a significance degree for the F test of 10 %.
to estimate the spatial dependence of samples and to identify systematic and random variations, estimated semivariogram models were produced. Models were selected based on the smallest residual sums of squares (RSS) and the highest coefficient of determination (R 2 ). the semivariograms were validated via cross-validation, and isotropy in all adjusted models was observed, which indicated that the spatial variability was the same in all directions.
For analysis of the degree of spatial dependence, the classification of Cambardella et al. (1994) was used, which considers strong spatial dependence to be present when semivariograms have a nugget effect equal to 25 %, moderate spatial dependence when the nugget effect is between 25 and 75 %, and weak spatial dependence when the nugget effect is greater than 75 %. after the estimation of experimental semivariograms and adjustment of theoretical models, the data were interpolated using block kriging, generating soft maps (Burrough & Mcdonnel, 1998) .
to spatially correlate corn yield and soil properties, cross-semivariograms were estimated. the corn yield was used as the main variable and soil properties as co-variables. Soil variables were used to estimate cross-semivariograms when spatial dependence was observed (Vieira, 2000) . Crosssemivariograms with a series of points distributed in one square were selected because they represented a reliable relationship between corn yield and soil properties (Megda et al., 2008) . however, the spatial correlation of cross semivariograms with a series of points in more than one square was considered indefinite (Camargo et al., 2008) .
ReSultS and diSCuSSion
By comparing average values of soil properties (table 1) to the established limits of tropical soil fertility for corn in the state of São paulo (Raij et al., 1997) , low percentages of soil base saturation (V) were observed in the layers 0-0.1 and 0.1-0.2 m . the levels of soil K + were low in the 0.1-0.2 m and medium in 0-0.1 m layer. in both, the soil p levels were intermediate, while soil Ca 2+ and Mg 2+ were high. low values of ph and medium soil organic matter content (oM) were observed.
Based on the classification of coefficient of variation (CV) proposed by (pimentel-gomez & garcia, 2002) , the variability of clay and sand content was low in both layers, while the variability in silt content was considered medium (table 1) . Similar results were obtained by Kitamura et al. (2007) , who observed a low variability in clay and medium variability in silt and sand content in a Rhodic hapludox under no-tillage. in this study, the variability in soil bulk density (Bd) was low (table 1) . Similar results were observed by Rosa Filho et al. (2009) for a Rhodic hapludox under no-tillage and by Kiliç et al. (2004) in a typic ustifluvent under conventional tillage. a low variability for soil total porosity (tp) and soil microporosity (Mi) (table 1) was also observed, in agreement with the results of Megda et al. (2008) in a Rhodic hapludox under no-tillage. in this study, the variability of soil macroporosity (Ma) was very high (table 1) . these results disagree with observations of Megda et al. (2008) , who reported medium variability for Ma and Siqueira et al. (2010) , who stated high variability for Ma. the variability of gravimetric soil water (gSw) was medium and low for soil water storage (SwS) (table 1).
the CV of the ph value was the lowest of all soil chemical properties and the variability classified as medium. however, the CV of ph in both layers was 11 %, which is near the lower limit of medium variability (table 1) . Similalry, Vitharana et al. (2008) observed a CV of 12 % for ph in a hapludalfs under winter wheat, barley and sugar beet. a lower CV was expected for ph because values typically vary over a narrow interval. Moreover, the CV of ph cannot be compared to other properties because it is measured on a logarithmic scale.
the CV values of the soil organic matter content (oM) were 13 % in the 0-0.1 m and 15 % in the 0.1-0.2 m layer. thus, variability of oM was classified as medium (table 1) . Similar results were obtained by Corá et al. (2004) the variability in K + content was only high in the 0.1-0.2 m layer, while that of h + al was high in both layers (table 1) . Similar results for h + al content were obtained by Corá et al. (2004) in a Rhodic eutrudox under conventional tillage and also by Machado et al. (2007) in a Rhodic eutrudox under conventional tillage. the variability found for the K + content was similar to the value reported by Corwin et al. (2006) in a natrargid under a forage crop. the variability in p, Ca 2+ and Mg 2+ contents, and the sum of bases (SB), cation exchange capacity (CeC), and percentage of soil base saturation (V) values at all depths was very high, as well as of the K + content in the 0-0.1 m layer, which agreed with results of Corá et al. (2004) and Machado et al. (2007) . the highest CV values were found for SB and the Mg 2+ and Ca 2+ contents (table 1) .
Based on the minimum and maximum values of soil properties and CV values, in general, the variability in soil chemical properties was high, likely due to the residual effects of fertilization. Fertilization is typically applied at planting/seeding, and despite the application by broadcasting of soil ph amendments (lime), the acidity in the area is not homogenously neutralized. Continuous fertilizer applications can change the spatial continuity of soil chemical properties (Cambardella et al., 1994) .
according to the coefficients of skewness and kurtosis and normality tests, the distribution of most properties is non-normal (table 1). For data that did not have a normal distribution, semivariograms were modeled with original and transformed data. however, the result of the fitting of transformed data was not superior to the initial results. therefore, original data were used to model the semivariogram because geostatistical analysis does not require normal data distribution (Cressie, 1991) . Corn yield ranged from 4.45 to 9.12 Mg ha -1 , with a CV value of 14 %, with medium variability ( contents, and SB, ph, CeC, and V values in both layers, and between corn yield and p content in the 0-0.1 m layer and for microporosity and silt content in the 0.1-0.2 m layer (table 2) . negative correlations between corn yield and sand and h + al content were observed, as expected.
Similar results were observed by Reichert et al. (2008) in an albaqualf under conventional tillage, who observed positive correlations between soybean yield and ph, SB and CeC, as well as the Ca 2+ and Mg 2+ content. however, the authors observed negative correlations between soybean yield and clay content. Montezano et al. (2006) observed a positive correlation between corn yield and clay, oM and boron content, and a negative correlation for the sand, copper, manganese and zinc content in a Rhodic hapludox under no-tillage. Silva & alexandre (2005) found a positive correlation between corn yield and the CeC, Ca 2+ and K + contents in soils arising from calcareous deposits. the h + al content showed a negative correlation with corn yield, which was expected because higher concentrations of h + al content increase soil acidity.
the highest correlation coefficients (r-values) were observed for V (0.639), ph (0.634) and clay content (0.498), indicating that these properties were strongly correlated with corn yield. Silva & alexandre (2005) and Montezano et al. (2006) found that the highest r-values did not exceed 0.39. the stepwise multiple regression analysis revealed that approximately 65 % of variation in corn yield can be explained by soil properties, where V accounted for the greatest part, which explained 44 % of the variation in corn yield (table 3) . these results revealed that more than half of the variation in crop yield can be explained by soil properties, which is a valid result because crop yield depends on several factors such as germination rates, weeds, insects, diseases and climate. a similar result was observed by Reichert et al. (2008) , who used a stepwise multiple regression technique to find that approximately 65 % of the variation in soybean yield was explained by the soil properties of an albaqualf under conventional tillage. however, the greatest contribution to the model was made by ph (h 2 o) and aluminum saturation in the 0-0.15 m layer.
the estimate of the parameter of soil Ca 2+ content in the stepwise multiple regression has a negative value (table 3) . theoretically, this indicates that high Ca 2+ concentrations reduced the corn yield. however, a positive correlation between corn yield and Ca 2+ content was observed (table 2) . the difference between the minimum and maximum soil Ca 2+ content was 149 mmol c dm -3 and a CV of 126 % was observed, indicating that the soil Ca 2+ content was highly variable (table 1) . these results were confirmed by the dispersion plot of corn yield and Ca 2+ content (Figure 1) . the results indicated that corn yield increases as the soil Ca 2+ content increases. however, once a certain soil Ca 2+ content is reached, corn yield stabilizes and a further increase in soil Ca 2+ content does not enhance corn yield. Corn yields of 9.0 Mg ha -1 were observed with soil Ca 2+ content between 7 and 98 mmol c dm -3 (Figure 1) . it is notable that multiple stepwise regression analysis considers not only the independent variable, but also the set of variables that constitute the model. these factors explain the negative value of Ca 2+ content in the corn yield model.
according to the value of the pearson coefficient, the estimated value of soil h + al content in the corn yield model should be negative. thus, a similar hypothesis to the one involving the Ca 2+ content may be applied. For instance, as the soil concentration of h + al content increases, corn yield decreases until a specific h + al content is attained. additionally, the inverse correlation that occurs between soil Ca 2+ and h + al content is well-known in tropical soils.
of the soil properties determined in undisturbed samples, spatial dependence was only observed for microporosity (Mi), and was adjusted to an exponential model in both layers (table 4). this result was similar to findings of Megda et al. (2008) for a Rhodic hapludox under no-tillage and Siqueira et al. (2010) for a Rhodic hapludox under an orange orchard. the absence of spatial dependence for soil bulk density (Bd), soil total porosity (tp) and macroporosity (Ma) is likely due to the cumulative effect of compression from agricultural machines and tools over the previous 10 years under notillage. thus, the spatial dependence of Bd, tp, and Ma decreased, and random variability became dominant. this effect was not observed for Mi because, according to hillel (1982), significant reductions in the macropore volume are caused by compaction, while the volume of micropores remains unaltered.
Spatial dependence was observed in granulometric properties in both layers. For the clay content, the gaussian model was adjusted for the 0-0.1 m layer and the spherical model for the 0.1-0.2 m layer. For sand content, the gaussian model was adjusted for gravimetric soil water (gSw) and soil water storage (SwS) showed no spatial dependence. therefore, the study area could be considered as more homogeneous for gSw and SwS and the soil water was not a determinant factor for the corn yield variability. despite the existence of spatial dependence for soil texture, the variation in soil texture was small and did not affect the variability of soil water.
in addition, the distribution of rainfall was regular during the growing season ( Figure 2 ). therefore, there was no water stress, neither in the crop development nor in the reproductive crop stages. the total rainfall during the growing season was 1009 mm, which is according to the recommendation for corn in the geographic condition of the experiment (21º 14' 05'' S, 48º 17' 09'' w; 613 m asl). these results confirmed that rainfall distribution was not a limiting factor for corn yield and corn yield spatial variability.
Spatial dependence was observed for soil chemical properties, with the exception of K + and h + al content in the 0-0.1 m layer, and of oM in both layers (table 4) . a trend was observed in the data of the Ca 2+ and Mg 2+ contents, as well as SB, CeC, ph and V properties in both layers, and h + al content in the 0.1-0.2 m layer, because the semivariograms of these properties, when estimated with the original data, increased without limits for all h values (distance of the samples), indicating that the size of the sampled field was not sufficient to detect all variances (Vieira, 2000) . these trends were removed, using the surface analysis method proposed by davis (1973) .
the linear trend surface in Y was adjusted for the ph in both layers and for the h + al content and V in 0.1-0.2 m, while the linear and square trend surface in Y was adjusted for the Ca 2+ and Mg 2+ content, as well as for SB and CeC in both layers. lastly, the linear trend surface in X and Y was adjusted for corn yield and V in the 0-0.1 m layer. after fitting the trend surface, semivariograms were estimated with the corresponding error.
after removing the trends, the gaussian model was fitted for Ca +2 , Mg +2 content, as well as for ph, SB, CeC and V in both layers (table 4) . Reichert et al. (2008) obtained similar results adjusting a gaussian model for Ca +2 , Mg +2 , and CeC and V values in an albaqualf under conventional tillage.
Similarity of semivariograms of soil Ca +2 , Mg +2 content and ph, SB, CeC and V values was observed, considering their parameters. the range of these soil properties, which is the parameter that indicates the distance at which the samples are spatially dependent in the semivariograms was similar in both layers, and varied from 11 to 15 m. this similarity indicates analogous spatial distribution patterns. the spatial dependence degree of the above soil properties was strong, with the exception of ph in the 0-0.1 m layer, which was moderate (table 4) . thus, the semivariograms explained most of the variation in experimental data. the spherical model was fitted for corn yield, which agreed with the result obtained by Silva & alexandre (2005) . a strong spatial dependence was observed for corn yield (table 4) .
as shown in the contour map, areas of low corn yield were located in the upper region of the study area, between 190 and 240 m, whereas yields were highest (8.0 and 9.0 Mg ha -1 ) in the lower right corner (Figure 3h ). a similar spatial distribution pattern was observed in the maps of ph (Figure 3a) , Ca +2 content ( Figure 3b ) and Mg +2 content (Figure 3c Cross-semivariograms between corn yield and clay content (Figure 4a ) and corn yield and V (Figure 4b ) in the 0-0.1 m layer were estimated. the gaussian model was adjusted for these cross-semivariograms. a range of 60 m for clay content to 16 m for V was observed. unlike simple semivariograms, the range of cross-semivariograms indicates the distance of spatial correlation (Vieira, 2000) . these results corroborated the visual analysis of contour maps, confirming the spatial dependence of corn yield on clay content and V. the results of simple linear correlation analysis, stepwise multiple regression analysis, contour maps and cross-semivariograms indicated that soil properties such as the clay content and V were linearly and spatially correlated to corn yield. these results disagree with those obtained by Bourennane et al. (2004) and Montezano et al. (2006) , who observed a low correlation between soil chemical properties and crop yield. in the respective studies, the authors obtained yield data from harvesters equipped with yield monitors, enabling the collection of a large amount of data per ha. however, sampling to determine soil properties was performed at a much lower intensity than that for crop yield assessments. the corn yield was not estimated in this study. Rather, corn yield was determined for each 45 m 2 cell. in several studies relating crop yield and soil properties, crop yield was estimated for each point of the experimental sampling grid by obtaining a sample of the surrounding area. in general, low correlations between soil properties and crop yield were reported in studies involving the estimation of crop yields.
Rosa Filho et al. (2009) used a sampling grid composed of 6 rows and 12 columns, which contained a total of 72 sampling points at 8 m intervals. at each sampling point, the soil physical properties and soybean yield were assessed. For crop yield, points were located within four rows, encompassing a width of 1.80 m in a 3.24 m 2 area. Kitamura et al. (2007) sampled an 8000 m 2 area (160 x 50 m) with 75 points at 10 m intervals. to evaluate common bean yield, a 4 m 2 area (2 x 2 m) was harvested, and the corresponding soil sample was obtained from the center of the area. these studies revealed no or low correlation between soil properties and crop yield.
when compared to the size of commercial fields, the area in the present study may be considered small. however, it would not be feasible to sample soil at a similar rate to crop yield in a larger area.
it worth mentioning that the topographic properties were not considered in this study, because the study field was small and plain. therefore, these properties did probably not affect the crop yield. the results of this study confirm the hypothesis that when soil properties are sampled at a similar rate to crop yield, it is possible to understand the cause and effect relationships related to the spatial distribution of crop yield and soil properties. high correlations between soil properties and crop yield can be observed when variables are sampled at a similar intensity. however, sampling soil at a similar intensity to crop yield is not economically feasible on a larger scale. thus, solutions that provide similar sampling intensity are necessary for the evaluation of soil properties and crop yield. one possibility is the development of sensors that evaluate soil properties at a similar intensity to crop yield. Sensors that monitor soil properties at a high intensity -electrical conductivity sensors, for instance (Moral et al., 2010) , or measurements of soil properties using on-the-go near infrared reflectance spectroscopy or real-time niRS (Christy, 2008) are possible.
ConCluSionS
the hypothesis of this study was confirmed that, when soil is sampled at a similar intensity to crop yield, correlations between the spatial distribution of soil properties and crop yield were observed. the spatial dependence of corn yield and soil properties was confirmed. the spatial distribution pattern of soil properties explained 65 % of the spatial distribution pattern of corn yield. the spatial distribution pattern of clay content and percentage of soil base saturation explained most of the spatial distribution pattern of corn yield.
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